Abstract-The objective of this paper is to realize a fuzzy logic controller for an aeroload simulator, which simulates the aerodynamic load that a missile is subjected to on flight. In this paper, we propose a new fuzzy logic controller using the phase plane, in order to improve the overall performance of the aeroload simulator system. The design procedure and method of this controller are easy and simple such that performance evaluation of the aeroload simulator is carried out in a phase plane mapped from a decision rule table. The effectiveness of this control scheme is verified by comparison with a proportional integral derivative (PID) and a fixed fuzzy control through a series of simulation studies.
I. INTRODUCTION
I N ORDER to test the dynamic performance of a fin position servo system, an aeroload simulator to generate the aerodynamic load to which a missile is subjected to during flight is needed. The aerodynamic load is a highly nonlinear function that varies with the deflection angle of the control fin, the angle of attack, and Mach number, etc. Therefore, the aeroload simulator has to be designed as a torque-control servo system, which has fast and accurate dynamic performance to follow desired torque profiles. In the load simulation, the electro-hydraulic servo systems have been frequently used because of their high power, fast response characteristics, and good positioning capabilities. Hydraulic servo systems, however, have uncertainties, time-varying and nonlinear characteristics due to the flow-pressure relationship, oil leakage, oil temperature variation, and so on. Consequently, the conventional control approaches based on a linearized model near the operating point of interest may not guarantee satisfactory control performance for these load simulator systems.
To solve such hydraulic servo problems some research efforts on adaptive control approaches have been made in recent years [1] - [4] . The control techniques provide satisfactory results over relatively much larger ranges of changes in the plant dynamics. But in the case of plants whose parameters are not completely known, or change rapidly over very large ranges, the adaptive control strategies require considerable computation time due to the complexity in their algorithms and often lead to instability. To avoid such criticism, the fuzzy logic-based controllers have been actively researched and widely utilized for many industrial processes [5] - [21] . These fuzzy logic controllers show good results in the cases of controlling high-order nonlinear systems. Accordingly, many research efforts have adopted fuzzy logic for the control of hydraulic servo systems [22] - [26] .
Even though fuzzy logic controllers often produce results superior to those of classical controllers as mentioned above, the control engineer has difficulty in accessing the fuzzy logic controller because of the following limitations:
• The design of the fuzzy logic controller is not straightforward due to heuristics involved with control rules and membership functions.
• The tuning of the parameters of the fuzzy logic controller is very complex. When the design of a fuzzy system is undertaken, one immediately faces many design parameters such as scaling factors, membership functions, and control rules. However, at present there are not many simple methods currently available for control engineers in designing the knowledge base and tuning of a fuzzy logic controller. Therefore, the designers have to devise a knowledge base by heuristic methods, employing experience and, accordingly, the parameters of a fuzzy control system are tuned repeatedly by trial and error method. This leads to a well-known fact that the design of a fuzzy logic controller is more difficult than the design of a conventional controller.
In this paper, we propose a novel fuzzy logic controller, which can improve the transient performance and robustness of the aeroload simulator control system in response to the set point changes and disturbances. The uniqueness of this controller is that it is designed in a phase plane in a rather straightforward manner. To demonstrate effectiveness of this proposed controller, a series of numerical simulations and experiments are performed on an aeroload simulator for various conditions. The simulation and experimental results show that the proposed control scheme gives faster and more accurate responses, as compared with a proportional integral derivative (PID) control and a fuzzy control with initially fixed rules.
II. DYNAMICS OF THE AEROLOAD SIMULATOR
The schematic diagram of an aeroload simulator servo system is illustrated in Fig. 1 . The simulator system is composed of a hydraulic power supply, an electro-hydraulic servo valve, a hydraulic motor, a torsion spring to combine with a fin position servo system, and a torque sensor.
The torque of the hydraulic motor is controlled as follows: Once the voltage input corresponding to the torque input is transmitted to the servo controller, the input current is generated in proportion to the error between the voltage input and the voltage output from the torque sensor. Then, the valve spool position is controlled according to the input current applied to the torque motor of the servo valve. Depending on the spool position and the load conditions of the hydraulic motor, the rate as well as the direction of the flows supplied to each hydraulic motor chamber is determined. The motion of the hydraulic motor is controlled by these flows. At the same time, the hydraulic motor is influenced by an external disturbance generated from the fin position servo system.
If it is necessary to represent servo valve dynamics through a wider frequency range, a second-order transfer function must be used. The relation between the servo valve spool position and the input current can be written as (1) where torque motor gain; natural frequency of the servo valve; damping ratio of the servo valve. Defining the load pressure as and the load flow as , the relationship between the load pressure and the load flow for an ideal critical center servo valve with a matched and symmetric orifice can be expressed as follows [27] : (2) where represents the servo valve's sizing factor and is the supply pressure. When the continuity equation is applied to the fluid flowing in each chamber of the hydraulic motor, the following expression can be derived:
where volumetric displacement coefficient of the hydraulic motor; angular displacement of the hydraulic motor; total leakage coefficient of the hydraulic motor; total volume of the servo valve and the hydraulic motor; effective bulk modulus of oil. The final basic relation is the torque balance equation for the hydraulic motor. The torque ( ) developed by the hydraulic motor is given by (4) where , moment of inertia and the viscous damping coefficient of the hydraulic motor, respectively; torsion spring coefficient; external disturbance applied to the aeroload simulator; friction of the hydraulic motor. The torque output of the hydraulic motor system, then can be calculated by (5) 
III. FUZZY LOGIC CONTROLLER USING PHASE PLANE
The fuzzy logic controller adopted herein consists of hierarchically two levels. The lower level is the fuzzy logic controller designed with simplicity to control the torque output of the aeroload simulator system. The higher level is the self-compensating controller, which evaluates control performance in the phase plane and modifies the output of the fuzzy logic controller according to the evaluation. The overall structure of the fuzzy logic controller using phase plane is depicted in Fig. 2 .
A. Phase Plane Analysis
Since the error and change in error of the output variable of a system are analyzed in a phase plane, the relationship between a decision rule table and the phase plane is analyzed here. The phase plane is assumed to be bounded and normalized by scaling factors. The generalized fuzzy logic controller consists of a set of linguistic conditional statements or rules as follows:
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for and for (6) where , , and are the fuzzy variables of the error, the change in error and the control input, respectively. , , and are the corresponding fuzzy sets, respectively. The and are the number of fuzzy sets having the antecedent variables, respectively, and the number of rules is in total. The number of fuzzy sets having the consequent variable is and through are one of the fuzzy sets. Without loss of generality, we will adopt the fuzzy membership function as a triangular shape. We then define the peak value and the scaling factor, which are the parameters related to the chosen shape of membership function as follows.
• Peak value: the value of the fuzzy variable at which the membership function is 1.0. The peak values of the error, change in error, and control input are expressed by , , and , respectively. • Scaling factor: maximum peak value, which defines the universe of discourse of the fuzzy variable. The scaling factor of the error, change in error, and control input are expressed by , , and , respectively. In general, since the inputs to fuzzy logic controller (FLC) are the error and the change in error, the behavior of these to a step input on a phase plane becomes the phase trajectory that indicates dynamic behavior of the system. Here, the phase plane is normalized as [ 1, 1] by scaling factors and partitioned by the peak values of the antecedent fuzzy sets. Then, the rule table is mapped to the phase plane composed of rule nodes as shown in Fig. 3 . We will assign the number of these rule nodes as follow: The upper corner point of the left-hand side is and the lower corner of the right-hand side is . Then, the coordinates of each rule node become ( , ) and the membership value of the consequent part corresponding to this point becomes . That is, intersecting points of the phase plane become a point of zero fuzziness as a point which indicates the peak values of the antecedent part and the consequent part fuzzy membership function of control rules.
The phase plane, composed like in the above, contains not only the control rules but also the quantitative information about the membership function. The phase trajectory passes through the rule node on the phase plane at every sampling instant. Therefore, if a reference phase trajectory is given a priori, it is possible to design the FLC which makes the trajectory of the plant follow as closely as possible the desired one in the phase plane.
B. Performance Measure
A reference model is introduced in order to make the trajectory of a plant follow the desired one in the phase plane. The reference model that generates the desired trajectory as a linear time-invariant system can be expressed by (7) where model state vector; stable system matrix; reference input matrix; reference input vector; model output; model output matrix. For effective tuning of the fuzzy logic controller, the control performance of the plant is measured by the difference of phase trajectory between the reference model and the plant.
As shown in Fig. 2 , the error and change in error between the reference model output and the plant output are defined by (8) (9) where represents the sampling period and the sample number. The fuzzification is performed by the scale mapping from the range of actual values to the corresponding universe of discourse. The fuzzification procedure can be expressed by (10) (11) where and fuzzy singleton of the error and change in error between the model and the plant states, respectively; and scaling factors for the error and change in error, respectively; fuzzification procedure. In order to measure the control performance of plant, the magnitude and the direction of the error vector between the reference model output and the plant output on the phase plane are calculated by (12) (13) where and Euclidean distance and the phase difference between the reference model and the plant output, respectively; and phase angle of the reference model and the plant on the phase plane, respectively; signum function. Since the control objective is to force the error vector to vanish, the tuning algorithm is performed until converges to a small value .
C. Tuning Scheme 1) Firing Strength:
Assume that there is samples delay in the plant. Also, the phase trajectories of the reference model and the plant are assumed to be as shown in Fig. 4(a) . Assume that a control action, samples in the past, was the one that contributed to the present system performance. The and would have been the error and change in error at that time, and would have been the controller output. Consequently, the controller output that would have been desired is rather than , where is the input reinforcement. If a fuzzy singleton is assigned into the phase plane as composed in Fig. 3 , four rule nodes are fired. The four rule nodes, , , and , fired at sample instant are presented in Fig. 4(b) . Here, we define the firing strength of each rule node as how much the node affects the fuzzy inference output at that instant. Then, the firing strength can be calculated from the distance between the phase state in the phase plane and each rule node. The closest rule node can be considered to have the highest firing strength. Thus, we define the firing strength of each node as follows: (14) (15) (16) (17) where and represent the firing strength of the rule node , to the error and change in error , respectively. As we can see in Fig. 4(b) , the firing strength to the error of rule node and is identical, and the firing strength to the change in error of rule node and is also identical. Therefore, the combined firing strength of each rule node can be obtained from the compositional operation of the firing strength about the error of (14) or (15) and the firing strength about the change in error of (16) or (17) . Here, we define the combined firing strength of four rule nodes as , , , . Then the combined firing strength of each node can be represented by the algebraic product defined as -norm [28] as follows:
Here, since the -norm is a 2-valued function, mapping to , the value of firing strength is . When the phase trajectory is on a rule node, the value of combined firing strength is one, and those of remaining three rule nodes are zero. Meanwhile, when the phase trajectory is on the side of rule cell, only two rule nodes on both sides are fired and the combined firing strengths of remaining two rule nodes are zero as well.
2) Output Reinforcement: Various methods to determine the output reinforcement are available in order to improve the current control performance. In this work we adopt a method to obtain the output reinforcement by using the inference result of FLC. This method is a very simple way to increase execution speed, thereby, reducing computational burden. With four rule nodes fired, the fuzzy output reinforcement can be calculated from the following equations by using Mamdani's -operation:
where represents the contribution factor of th rule calculated in the fuzzy logic controller of the lower level and represents the contribution reinforcement factor of th rule. The combined firing strength, , is calculated from (18)- (21).
is a linguistic fuzzy set of consequent part of the control rule.
To determine the crisp value of the control input reinforcement from the corresponding fuzzy output reinforcement, the center of gravity method is used as a defuzzification scheme. Then, the control input reinforcement ( ) is given by (24) If the is defined by the final output reinforcement, it can be computed by the self-compensating mechanism in the higher level (25) where is the speed factor to accelerate the reference model following speed, and the constant auxiliary parameter to be tuned by the designer. In (25) , is the self-compensating factor defined by the following equation and the use of (12) and (13) yields (26) Since is the Euclidean distance between the reference model and the plant output, this time-variant weighting has to be multiplied to calculate the output reinforcement at each sample instant. The is the direction of the error vector between the model and the plant output on the phase plane, and the sign of the output reinforcement is determined from it. The resulting control input to the plant is given by (27) where is the output scaling factor and the same as the one for the fuzzy logic controller of the lower level. The represents the crisp value of the control input calculated in the fuzzy logic controller of the lower level.
It is noted that the may lead to poor or unstable tracking performance in the case of choosing an extremely large speed factor. But it is experimentally observed that if we choose a proper value for the speed factor, the always leads to an improved phase plane behavior and the stability of the closed-loop system is guaranteed with respect to any reasonable disturbances. This observation is also obtained from the simulation results. An extensive stability study needs to be made for more general cases.
IV. FUZZY CONTROLLER DESIGN USING PHASE PLANE FOR THE AEROLOAD SIMULATOR
In order to design the fuzzy logic controller using phase plane (FLCPP), the FLC of the lower level is designed with a simplified method. The error and change in error as the control input variables for the FLC are defined by following equations: where and represent the desired reference input and the torque output of the aeroload simulator system, respectively.
The control inputs for the fuzzy controller, and , are converted to the fuzzy values, and , by the fuzzification process of (10) and (11), respectively. Each control variable should be decomposed into a set of fuzzy regions. These regions are given unique names, called labels, within the domain of the variables. In the case of the aeroload simulator system, the input and output space are partitioned by fuzzy sets of seven regions. Therefore, the labels used are positive large (PL), positive medium (PM), positive small (PS), zero (ZE), negative small (NS), negative medium (NM), and negative large (NL).
The membership functions of the fuzzy variables are adopted as a triangular shape. The membership function plays an important role in determining the control action prescribed and the performance of the system. Therefore, it is important to design the peak value of the membership function properly, but it is very difficult. Here, we propose a method to select the peak value of the membership function for servo system by our experience as follows: (30) In the above equation the peak value of the membership functions nearby zero need to be adjusted, depending upon the characteristics of the system to be controlled. In the aeroload simulator system here and of the output membership functions are made doubled the calculated value for faster response. The fuzzy membership functions of the aeroload simulator system are depicted in Fig. 5(a) .
In order to generate the rule table reasonably, it requires the knowledge or experience of experts about the skill of aeroload simulator control. However, we constitute the rule table of the aeroload simulator system with simplicity as shown in Table I , with the consequent part depending on the error only. To obtain the output value from the linguistic control rules and the fuzzy membership functions, fuzzy inference must be performed. In this work we introduce a simplified inference method, firing only four rule nodes selected by the input point on the phase plane illustrated as in Fig. 3 . In the case of using a min-max operator introduced by Mamdani, most widely used in fuzzy inference, the fuzzy output of the FLC is obtained by
where represents the contribution factor of th rule and is a linguistic fuzzy set of the consequent part of the fuzzy control rule.
The defuzzification process must be performed to determine the crisp value of the control input from the corresponding fuzzy value. The center of gravity method of (24) is used as a defuzzification scheme. The control input to the hydraulic servo valve of the aeroload simulator system is calculated by the following equation:
The control rule table shown in Table I is mapped to a phase plane by using the peak value of fuzzy membership functions depicted in Fig. 5(a) . Positioning the peak values of consequent part on rule nodes, the phase plane of the aeroload simulator system becomes as shown in Fig. 5(b) . The phase plane expressed like this includes all the quantitative information of membership functions as well as control rules.
The reference model can be chosen as a typical second-order transfer function in order to make the specification of control performance easy. There are ITAE transfer functions and Bessel transfer functions that represent the response characteristics of a control system. In case of ITAE, the rise time is faster than that of Bessel, but there exists overshoot. In case of Bessel, the rise time is slower than that of ITAE, but there is almost no overshoot.
In the case of a typical second-order transfer function, the state vector , the system matrix , the command distribution matrix , and the command vector of (7) become as follows: (34) where and represent the model torque output and the desired torque input, respectively. and represent the damping coefficient and the natural frequency of the reference model, respectively.
The reference model for the aeroload simulator system is chosen as the second-order Bessel transfer function. The damping coefficient of the second-order Bessel transfer function is 0.8660 [29] . Since the required bandwidth of the aeroload simulator system is 50 Hz, the natural frequency of the reference model is chosen as 50 Hz.
The error, , and change in error, , between the reference model output and the plant output are defined by (8) and (9), respectively. They are converted to fuzzy values, and , by fuzzification process of (10) and (11), respectively.
In order to know how much the rule node affects the fuzzy inference output, the firing strength of each rule node must be calculated on the phase plane. Since the delay of the aeroload simulator system can be negligible and the sampling period of digital controller is very small (2 ms), we can ignore the delay effect. Consequently, the controller output that would have been desired is assumed to be . The firing strength of the four rule nodes is obtained by (14) - (17) . The combined firing strength of each node is computed by the algebraic product defined by (18)- (21) .
In order to improve the current control performance, the output reinforcement is calculated. The fuzzy output reinforcement is inferred from (22) and (23) . The crisp value of the control input reinforcement is obtained by (24) . The final output reinforcement of the self-compensating mechanism is computed by (25) and (26) . Then, the actual control input of the aeroload simulator system is obtained by using (27) .
V. SIMULATION AND EXPERIMENTAL RESULTS
To test the performance of the proposed controller as applied to the aeroload simulator system, a series of simulations and experiments are performed for various conditions. The simulation conditions include the cases in which the operating point changes, external disturbances are applied, and the speed factor of the controller varies. The experimental conditions include the cases in which the operating point changes are applied, and the speed factor of the controller varies. The characteristic values of the aeroload simulator system are shown in Table II and documented in detail in [30] . As a preliminary test, step inputs of different magnitude are input to the system and the responses are compared with those of the PID and fuzzy controller with initially fixed rules.
The input scaling factors ( and ) for the error and change in error of the fuzzy logic controller are chosen to be 1/5 and 1/5000, respectively. The output scaling factor ( ) of the fuzzy logic controller is chosen to be 10. The speed factor of the FLCPP was chosen as 20 by the tuning method on the trial and error basis.
was chosen as 0.001. The gains of the PID controller were tuned as , , which is obtained by a trial and error method. Fig. 6 shows the simulation results of the step response of various controllers PID, fixed fuzzy, and FLCPP when set points are changed. Fig. 7 shows the experimental results of the step response of the fixed fuzzy and FLCPP when set points are changed. These controllers were tuned at 500 lb/in (56.5 Nm), which is assumed the main operating point of the aeroload simulator. To see an ability to adapt the operating point, the reference input torque is changed to 100 lb/in (11.3 Nm). As shown in Figs. 6(a) and 7(a), for large values of the reference input the FLCPP gives faster response, compared with the PID and the fixed fuzzy controller. For small reference input, the FLCPP and the fixed fuzzy controller show nearly similar response characteristics as shown in the Figs. 6(b) and 7(b), while the PID controller shows rather slower response. Fig. 8 exhibits the simulation results of the response characteristics of the three controllers in case when an external disturbance of 5 step is applied to the aeroload simulator system at the time s. The response time of the PID, the fixed fuzzy and the FLCPP, during the output regains within 2% of the reference input, is 34 ms, 27 ms, and 17 ms, respectively. This indicates that the robustness against the external disturbance of the FLCPP is superior to those of the PID and the fixed fuzzy. Fig. 9 exhibits the simulation results and experimental ones of the step response characteristics of the FLCPP according to the variation of the speed factor. As the speed factor increases, the step response becomes faster. However, the speed factor larger than 30 gives some oscillatory motion, and much larger speed factor causes the aeroload simulator servo system to be unstable.
A. The Influence of Set Point Change

B. The Influence of External Disturbances
C. The Influence of the Speed Factor Variation
VI. CONCLUSION
In this paper, we proposed a new fuzzy controller design method using phase plane analysis. To demonstrate effectiveness of this type of controller, a series of numerical simulations and experiments were performed on the aeroload simulator system. The simulation and experimental results show that the fuzzy control scheme designed using the proposed method gives faster and more accurate responses, compared with the PID and the fixed fuzzy controller in the cases when the operating point is changed and external disturbances are applied.
The proposed method has the following advantages: 1) Since the control rule table can be selected as a very simple one from the start and the initial membership functions can be easily determined by the (30) proposed, there will be reduced burden to have an expert's knowledge about the plant to be controlled. 2) Since this control scheme utilizes a phase plane to which the control rules and membership functions are quantitatively transformed, simultaneous adjustments of them are accomplished by the self-compensating mechanism at each sampling instant. If the speed factor is determined, the fuzzy logic controller is automatically tuned without repetitive adjustment of many parameters of the fuzzy logic controller. This makes it very easy to tune a fuzzy logic controller to work properly. 3) Since the results of fuzzy inference to obtain the output reinforcement are utilized, the execution speed is fast and, thus, the application of the algorithm can be made wider than that of the conventional fuzzy controllers.
